Objective Enormous amounts of healthcare data are becoming increasingly accessible through the largescale adoption of electronic health records (EHR). In this work, structured and unstructured (textual) data are combined to assign clinical diagnostic and procedural codes (specifically ICD9CM) to patient stays. We investigate whether integrating these heterogeneous data types improves prediction strength compared to using the data types in isolation.
INTRODUCTION
In health care, electronic health records (EHRs) are becoming widely accepted as the defacto standard of storing medical information. [1, 2] The information contained within these EHRs not only provides direct health information about patients, but is also used to monitor hospital activities for medical billing and population health management. Clinical coding can be defined as the assignment of procedural and diagnostic codes specified in a medical classification system (e.g. ICD [3] , ICPC2 [4] ). ICD9CM diagnostic and procedure codes [5] are mainly used for reporting and reimbursement purposes of health care providers, but are also a key factor for other research applications such as tracking patients with sepsis through ICD codes. [6, 7] Currently, clinical codes are often attributed and registered manually by a specialised team of medical coders.
The primary objective of this paper is to assess whether the integration of structured and unstructured EHR data can improve automated predictions of clinical codes. Additionally, we analyse the informativeness of several data sources, both in isolation and combined, for multiple medical specialities. This is demonstrated by predicting procedural and diagnostic ICD9CM codes from various input sources (e.g. letters, lab results, radiology reports).
BACKGROUND AND SIGNIFICANCE
Current automated clinical coding approaches on patient discharge files and radiology reports can be divided into handcrafted, [8, 9] machine learning, and hybrid approaches, [10, 11] with handcrafted and hybrid approaches being the most successful. [12] A literature review conducted by Stanfill et al. [13] concluded that, while some systems show excellent results, most of them are used in controlled settings, often using normalized data and keeping a limited scope (e.g. radiology reports). Secondly, many of the current approaches are not easily portable to other medical domains and different languages. Extending these approaches towards reallife EHR data and enabling these approaches to efficiently deal with high degrees of variability in terms of content, structure and language typical of clinical data, is an important challenge.
Perotte et al. [14] exploited the hierarchy present in ICD9CM classification system to predict diagnosis codes using (English) discharge files. Whereas most approaches focus on a smaller set of diagnosis codes, Perotte et al. used a large set of 5,030 distinct ICD9CM diagnosis codes, as present in the MIMICII database. [15] They achieved an Fmeasure of 39% in this specific setting.
Using both structured and unstructured data has already been shown valuable for multiple applications in the medical field. Abhyankar et al. [16] used structured and unstructured data from the MIMICII database to identify a cohort of ICU patients who received dialysis. Their method, applying offtheshelf information retrieval methods, not only allows for more effective cohort identification in comparison to using data sources in isolation, but is also attractive enough to be used by healthcare practitioners. Our research strengthens that conclusion and shows the value of combining structured and unstructured data for a different application, namely the assignment of clinical codes to an inpatient stay.
Pathak et al. [17] employed a different approach by mapping structured and unstructured data from diverse EHR systems onto standardised vocabularies and ontologies to perform high throughput phenotyping for patient cohort identification. This unified structured data view is a powerful resource to support secondary use and exchange of EHR data in general, and the goals set out by the SHARPn program in particular (i.e., enhancing patient safety and improving patient outcome). From a technical point of view however, there is a substantial dependency on standardised vocabularies or ontologies, which are not always available for every language. The availability of those resources for lesserresourced languages such as Dutch remains an issue and mapping the (Dutch) hospital data we used onto standardised vocabularies or ontologies would require a substantial research effort. Additionally, some of the used structured data sources in our dataset (such as lab results) currently do not have a mapping onto a code system which causes mapping to be an errorprone and timeintensive process. As a result, any additional mapping was out of scope for this paper. The research presented in this paper distinguishes itself from the current state of the art on three different aspects, viz. portability, data integration, and use of reallife EHR data. First of all, our approach is portable towards different medical specialties. This work evaluates experiments on datasets from fourteen different specialties and with a large set of codes unique to each specialty. Portability is improved by using generalisable techniques instead of handcrafted rules and symbolic systems. Secondly, we not only use information found in discharge summaries, but we also maximize the available information in a specific context by means of data integration approaches, which yielded excellent results in other medical tasks.
[1619] Our approach can use all available data sources, and can also work with any subset of these sources, depending on their local availability. Finally, our approach is able to use reallife, raw EHR data as its input which greatly increases its practical usability.
MATERIALS AND METHODS
The very nature of the data used in this study, being reallife data, presents a number of limitations and specific characteristics. First of all, the data cannot be considered to be complete. Medication prescriptions, for instance, are not always registered electronically and do not necessarily lead to actual medication intake. Secondly, the data used in this research originates from disparate data sources, which were created for varying purposes (e.g. diagnostics, treatment followup, nurse handoff, billing, medical registration, archiving). This required the recreation of some relations (e.g. inpatient stay relations between facts). Finally, the data contains errors (e.g. spelling errors) and has missing values.
Dataset
Our dataset is derived from the clinical data warehouse at the Antwerp University Hospital (UZA, Belgium) and consists of a randomised subset of fully anonymised historical data with hospitalised patient stays, covering two years of data. Distinct sources in the dataset consist of both structured and unstructured (i.e. textual) data. The extracted textual data sources are in Dutch. The dataset is divided into fourteen medical specialties, as seen in figure 1. Only sufficiently represented medical specialties are included in the dataset. Assigned procedure and diagnostic codes are observed to follow a Zipf distribution, [20] meaning that a few codes occur very frequently with a long tail of infrequently assigned codes.
The following types of data sources are used in our study (abbreviations are indicated with brackets):
Unstructured data sources:
Surgery reports (Surgery Rpt): describing the details of a performed surgery. Letters (Letter): discharge letters and letters to direct a patient to a specialist. Notes (Note): daytoday internal notes concerning a patient (e.g. a progress report written by a nurse). Protocols (Protocol): textual representation of the results of certain procedures (e.g. the textual interpretation of an MRI scan). Attestations (Attestation): a letter validating a certain claim (e.g. a medical leave of absence). Requests (Request): a formal letter asking for a medical appliance or service (e.g. a request to receive an electric wheelchair for care at home).
Structured data sources:
Lab results (Lab results): consisting of a test id, a numeric or categorical value, a unit, and sometimes a conclusion. Lab test naming uses an inhouse naming convention. Inpatient medication prescriptions (ATC): set of prescribed medications in the form of ATC codes. [21] Oncological pathology codes (CODAP): in the form of CODAP codes, [22] a code system describing abnormal tissue growth, analysed after biopsy. Medical Specialty (DEPT): describing the associated medical specialties for a particular stay.
(e.g. a patient being treated in the cardiology department is being followedup by a doctor from the gastroenterology department and is therefore associated with both medical departments). Demographic data (DEM): year of birth and gender. Procedure codes (RIZIV): describing a medical procedure or intervention (e.g. MRI scan).
These are registered automatically or manually. The specific nomenclature used is the Belgian RIZIV standard, [23] which is strongly linked with ICD9CM procedure codes.
The prediction space consists of (1) ICD9CM procedure codes (ICD9CM Proc), which describe procedures performed on a patient during his/her hospital stay and (2) ICD9CM diagnosis codes (ICD9CM Diag), which contain the primary and secondary diagnoses of a patient. [5] These codes have been assigned manually by a specialised team of coders, which is a potentially errorprone process. [12, 24] Additionally, the Belgian government only requires a subset of procedural ICD9CM codes to be coded, namely all codes between indices 0 and 87 and a selection of codes in the 8799 'Miscellaneous diagnostic and therapeutic procedures' range (ICD9CM Volume 3). This leads to 1,636 unique required codes in our dataset. Non required codes are sometimes but not consistently assigned and were therefore left out of the training data. For diagnostic ICD9CM codes, the entire set of codes was included.
Data representation
Linking specific data elements both structured and unstructured to one or more procedure or diagnosis codes, requires a process of onetomany and manytoone data mapping. This mapping is performed by projecting the data elements to a single level.
An inpatient stay is reported in multiple data elements, originating from a disparate set of databases (figure 2A). These databases were developed for different purposes, causing them to have different ways of representing inpatient stays. When a patient is transferred from one medical specialty to another during an inpatient stay, we refer to both stays as partial stays. We use this partial stay (linked to a single medical specialty) as the single level to which we link all data elements.
In figure 2B , an example structure of an inpatient stay can be seen. Data elements are linked directly on different levels within the inpatient stay. An indirect link between a more detailed level in the inpatient stay and a data element can be made by looking at the given date linked to these elements. This allows flattening the data elements to a representation on the partial stay level, as seen in figure 2C .
This approach results in a list of partial stays with a mean of 8 distinct source types and a standard deviation of 2.5 sources. This means that while most patient files have multiple data sources linked to them, they seldom have all sources. An overview of the presence of these sources can be seen in figure 3.
The classification task this paper focuses on, is the assignment of clinical codes to partial stays, which in turn represent EHR data collected during routine clinical processes within a medical specialty, or within the time interval of that partial stay. 56 641 distinct partial stays can be found in the entire dataset. Figure 1 presents the number of partial stays per specialty. Partial stays that do not have any codes assigned are not excluded from the dataset, since this is the result of human error that we do not expect to cause bias in the results.
Features
Several types of features are derived from data types, separately for structured and unstructured input. For structured input, we have a number of codes assigned to a patient (e.g. ATCcodes, codes representing lab results). For lab results, we have a value and unit (e.g. 25 mg) or a state (e.g. positive, negative, strong reaction) in addition to the code representing a certain test.
A first set of features is derived by counting the number of occurrences of distinct assigned codes. A second set of features is specific to the source itself. For lab results, this consists of the observed absolute values and deviation from the reference range (as derived from reference guides within the hospital for specific tests). For RIZIV codes, we use additional information found in its descriptive thesaurus [22] and make counts of specific types of codes occurring (e.g. the number of codes that involve a general action, such as 'attachment of an infusion'). A third set of features consists of multiple metafeatures including the average amount of assigned codes per day and the total amount of (unique) codes per stay.
For unstructured input, we use a combined bag of words (BoW) of all documents of a certain type (e.g. notes) associated to a specific partial stay. These individual BoWs are preprocessed with Frog, [25] 
Experimental Setup
For each clinical code, a separate classifier is trained. Training is done in parallel, so that a single partial stay can have multiple codes assigned. Tenfold crossvalidation was applied to generate robust models. For each fold, the feature selection (see below) was performed to reduce the feature space.
In the machine learning phase, multiple general classifiers were evaluated to account for differences in performance among certain data types. Naive Bayes [26] and Random Forests [27] were used for prediction and compared afterwards using the WEKA software package. [28] The Naive Bayes implementation is multinomial with Laplace smoothing. Random Forest was capped at 100 trees generated.
Feature Selection
The exhaustive list of derived features also generates a large amount of uninformative features. This list is reduced by applying feature selection algorithms.
Feature selection for features originating from unstructured data was performed by TFIDF. [30] TFIDF is a widely used feature selection method, chosen for its ability to do feature selection in linear time with respect to the number of features. Features from a structured input source were first filtered through a weak gain ratio filter and further filtered via mRMR. [31] The mRMR algorithm minimises redundancy and maximises relevance of the selected features, but is only computationally feasible for smaller numbers of features.We have compared mRMR to gain ratio and information gain feature selectors, with mRMR selecting less features while yielding a similar Fmeasure (results not shown). Within a crossvalidation fold, the feature selection thresholds were optimised by performing multiple evaluations for different threshold choices.
Data Integration
Two methods for data integration were evaluated for this paper: early and late data integration [32] . Early data integration (c.f. figure 4A) consists of integrating the features of different sources before training the model. Model training is then performed on the entire feature space (after feature selection).
Late data integration ( figure 4B ) is an ensemble method in which the prediction results from separate models, trained on each distinct source, are used as input for a second (meta)classifier or by means of composite methods such as voting, weighing, stacking or averaging. We opted for training a metaclassifier that takes the predictions and class probabilities of the individual models as input for classification within the same fold. This second classifier is a Bayesian network, structured learning is performed with hill climbing. [29] This approach proved to perform consistently better than Random Forests and Naive Bayes (Results not shown).
Metrics
To evaluate the experiments, microaveraged Fmeasure is used (averaged over single codes).
Fmeasure is the harmonic mean of precision and recall and is a good indicator for the overall predictive power of models. Our models return class probabilities, which allows for further tuning between optimising precision and recall. This tuning was not carried out in this research, as the models were already optimised for Fmeasure. Microaveraged Fmeasure was chosen for our interest in predicting correct codes for as many patients as possible, rather than ensuring good coverage of the different classes. [33] Table 1 shows the microaveraged Fmeasure for the best performing algorithm for diagnostic ICD9CM codes and per combination of input data and medical specialty. Analogously, Table 2 represents the results for procedure codes. Complete performance results of both algorithms can be found in Supplementary Materials.
Results

ABDOMINAL
We compare these results to a frequency baseline, representing the achieved Fmeasure when classes present in more than 50% of the partials stays are assigned to each partial stay in that specific specialty. Data integration is evaluated for several interesting combinations of data sources. These combinations consist of the data types as grouped in the dataset section, with sometimes a specific input type added or removed.
In general, we notice that the Fmeasure varies significantly over the different specialties. Some sources seem to score better on specific specialties. For instance, both surgery reports and ATCcodes seem to be a good predictor for surgical specialties. The predictiveness of late data integration is superior to that of individual sources. For ICD9CM procedure codes, this is not the case, as RIZIV alone often beats late data integration. This can be explained by both RIZIV and ICD9CM procedure codes describing similar actions, often causing a onetoone mapping between those codes. Disregarding the RIZIV data source, the performance increase by using late data integration is also visible for procedure codes.
Bag of Words text combination
The 'all texts' combination is composed of a Bag of Words of all different types of unstructured input associated with a stay. This can be considered an early form of data integration, with the difference that features representing the same word in different texts are merged instead of keeping them separated. In specialties such as pneumology, this combination will score better than the individual unstructured types, while for others (e.g. gyneacology), it will not quite reach the performance of the best text category. Overall, a smoothing effect of the individual unstructured types is seen, with a consistent improvement over the baseline.
Early data integration
For the early data integration approach, a slight decrease in predictiveness is often seen, compared to the best individual source in a certain combination. A combination existing of solely structured sources sometimes has slightly improved results, while a mixed combination with both structured and unstructured sources often shows a performance decrease. Early data integration is always outperformed by late data integration.
Late data integration
The results for late data integration with unstructured sources contain the same data sources as the 'all texts' combination, but are based on a separate model for each individual source. This combination outperforms the 'all texts' combination on all specialties, showing that the information is better captured when predictions are made individually. Adding predictions made on the 'all texts' combination to the unstructured combination (i.e. 'unstruc + all texts'), we see a small increase in Fmeasure. Late data integration achieves superior results for other combinations as well.
The 'all RIZIV' combination encompasses all frequently seen sources in hospitals. The combination significantly improves results with respect to the unstructured combination only,
showing that there is important and additional information present in structured data that is not captured by models using unstructured data only.
The 'RIZIV' source, which is specific to Belgian hospitals, increases performance when added to the combinations for procedural ICD9CM codes. For diagnostic codes, they have a significantly smaller impact. An explanation for this is the onetoone mapping between most RIZIV and ICD9CM procedure codes. Excluding RIZIV from the structured combination allows us to get a more objective view for predicting procedure codes. In figure 5 , extra sources are iteratively added to the predictive model. In most cases, the average Fmeasure increases when adding sources. Each specialty seems to have different sources triggering a performance improvement.
DISCUSSION
The results shown above provide interesting insights into the combination of structured and unstructured data sources for automated clinical coding. First of all, individual data sources lead to major performance differences for the different specialties. From a perspective of portability towards other hospitals, countries and languages, the task of finding the most informative sources for each individual specialty would be arduous. Our proposed late data integration approach seems to be able to achieve this task in a scalable manner without the need to select a single best source.
The results show that integrating multiple data sources improves the classification of patient files with ICD9CM codes across all medical specialties in a consistent way. This strongly indicates that not all relevant information for assigning clinical codes is available in unstructured data and that adding structured data significantly improves performance. Since we use a relatively basic NLP pipeline, we hypothesize that improving the NLP pipeline will capture additional information from unstructured data that we are currently not able to use in our models. However, the performance impact of using additional structured information sources might be lower as a result of using improved NLP techniques.
Using an ensemble method makes data integration perform more consistently. This mostly shows that in order to get predictive information out of different data sources, deriving similar features and performing feature selection is not an effective approach. This suggests that more tailoring is needed towards selecting (and generalising) the individual features of different sources to improve early data integration.
When interpreting these results, we need to consider the concerns raised by Lawthers et al. [34] and Romano et al. [35] SNOMED codes -is a solution to the concerns raised, but they make for a different task.
A limitation of our study lies in the fact that the approaches have not been tested for portability to different hospitals, since the data originated from a single hospital. The factors missed here include local factors, such as hospitalspecific aspects, countryspecific regulations, goal specific aspects (e.g. clinical or administrative), and the difference between thirdline and general hospitals. While using a relatively simple NLPpipeline is beneficial to show portability across languages, a NLPpipeline with more complex modules (e.g. negation detection) has been shown to have superior performance. [12] Finally, the sole use of ICD9CM codes as the output space limits the portability to other coding systems.
When applying the algorithms to a computerassisted clinical coding environment, the most important factor is improving the throughput time while maintaining the coding quality. When suggesting a code to a clinical coder, a model should return codes with a high recall, while limiting the amount of codes returned. When completely automating (a part of) the clinical code assignment, precision is a more important factor, as automatically assigned codes need to be completely correct.
CONCLUSIONS
Current stateoftheart algorithms for prediction of ICD9CM codes are typically built on discharge summaries or radiology reports and are often tailored towards specific medical specialties. We evaluated the effect of integrating additional information sources, both structured and unstructured, and compared early and late data integration approaches for different machine learning algorithms (naive Bayes, Random Forests) and across a wide range of medical specialties. We show that the late data integration approach significantly improves the performance of these algorithms across all investigated medical specialties. All available data sources, independent of their (un)structured origin, can be added to the model without loss of predictive power for each of the different medical specialties. Evaluations have been performed on (Dutchlanguage) EHR data of a single hospital, but our approach was specifically designed to be portable to different contexts such as medical specialties, hospitals, specific coding systems, and languages.
